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ABSTRACT: With the increasing proliferation of distributed and also dives deep in revealing how deep reinforcement
energy resources in the distribution network, how to establish learning techniques can be developed and extended to support
an effective market-based trading mechanism in the power relevant research activities.

distribution and consumption system, while achieving efficient . . e
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and coordinated optimization of market trading and power . . .
system dispatch; transactive energy; demand side management;

system operation has attracted unprecedented research interests . . .
reinforcement learning; multi-agent systems
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and management of each layer of the power distribution and HZ - WA N AT B IRAE G H ) R 3 LU AN BT 9 i, el £
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layer-wise increasing uncertainties, the increasing scale of KBRS ETTASET, BOR H AR G52 e AT
market transactions, and lack of efficient coordination of o AN 2 PHEZ R IR TP AR DGR 13728 5 5 &
market trading and safe operation of the system. This paper G2 AIeAT A AT TR 2 PR 1% OCHE SR T 2A
firstly outlines the critical scientific problems associated with B MRCH R R GISAT AR KRB s JLR, XL b
optimal operation of power distribution and consumption TR FE RS B TE b 505 M R A T RELREAT R B 2R
systems in a market environment. Second, it critically reviews Ja, BIXTECH ARG NI S AT A S L, R GE
and summarizes existing research efforts in this area, et A ZHAR L AR ST HOR, Sy AT R A 2 o) FETC
employing conventional optimization-based solution HAGH T ARIUR . U5, K FRHRRAZZE
techniques, and subsequently concludes remaining issues that EAFI A I R ) = I FURR R FERIR I Al 5 ) B
deserve further research attention. Going further, this paper ARARARM N AR 5 R AT 2

comprehensively reviews relevant deep reinforcement learning £ WHRTIEE . H A, W35 aeE: Bk

techniques and outlines their current applications in the M T, BRib2], ZEEKk RS

examined research area, considering the primary characteristics o

pertaining to market trading and dispatch challenges associated 0 gl =

with distribution and consumption system. Finally, this paper BEZ “WUB” EARGRIG . B RS, “&

details three directi hich ire furth h efforts, . LI 9 R " " .
ctails ree airections whicn require €r rescarch Criorts. E{jllﬁ’fj(’ %[1 2]%$g$fg$a%%\%ﬂj , ﬁﬁﬁ%ﬁﬁé‘/\
EEWE: ERARREEEEERETH) (52207082): LA (C4n J2 TH AR 5 A0 AL 7 AT (U FEL SR R 56 FE L
SERETT LR 1 AL I 4T 4F 25 62001 F (BK 20220842, BK20210243). X G o B IEAE SO K, ARG8T B B )
Project Supported by National Natural Science Foundation of China ';EN E )EH 1‘ % 2 v JETF 1 Z'S E—ﬁ E ES y% ﬁ’i ﬁb jj E[,]
~ ~ 7 Hb'j“\/\ - N X v i

(Young Scientistic Program)(52207082); Natural Science Foundation of

Jiangsu Province for Young Scientist (BK20220842, BK20210243). EEj]F?% %%%B] o 2022 E'E 2 H ’ %EE&?E ﬁl%




6

M 8IS HTp IS N R RERCH B R S B I ROULIEAT: B TTBkAk. RS RS 2079

FRit e T OnthdwaeElg—HE itk 2 1dE
SEIY Y 8 A, ERAEEFRNE T Rtk “K
BT SRS R E SRS TR P
TEN, WA TR UK BT IR
SR AR R, sllihorAn 2] P4 fe U S
AP B Y, Bt it ah6e 7, I B
TAECRIR B 2 s AT AT, RBEMALH TH
WigdT 5 MR EIZ T K R IR AT .

b FEry, E N A s R, BRIRALX
REVRAC &y JL 2 150 H AR AR IR 28 28 v B IR 22 2 )
B, IR EE M TS A RIS
WATH. £E Brooklyn fH M I H . Olympic
Peninsula 7] %2 5 BEJR I H « FE[E Cornwall A< BE Y5
M7 H . #E Sonnen Community AMAEIRAE
T H . 2% Powerpeers JE S AERI H &0, Az H
WA SEER 2206 51 5 IR B T TR 5 BEIR ML EE
WAR R o ZALHI T 7 735752 5 5 F X 2 A U e
K, BEVUMMEGE 5 AZG, ME gy F B
GEEHERGN R, R0 KEZ T H
& RIEFH TR 5 I B S RS
AT e ) RS 328 B A AL T AT R AR

A G e R T A R L A B R A ATk
A — ML E I EZ RS . 6
HENTHERABERZEERERA I AN Z
JB% Xk 5 vE B R A0 R e vk s 7, — 5T,
HH RS Rk =0 o A AR F U R, %R
TREME . SRR AP FRERET S 1SR g 1 P 5 e 17
SR Z u AR, M CLE IS T T BORS i
PR EIEA TR, N FAAR SR RN 5
— 71, WA G ReVR T R 0E B FiaE R SR
R ) 2 2 1R PR A7 L 5 K ) o DA AT, ELAARSR IR
N EAR AR B B 40 A2 EAF B
Fafitb. AEEESAE R Z L, 5R%%7 4
B4 R SR A B [F R HE, 5 AT
W) 7= Y8 2 1) T 3002 8 B T FE IO ) A R Y % Bt )
o A AR B T DX 0 7 S5 o VR 5 0 B R AR Y
By L2, By, wfsETHZERE. B
W ) SE AR, BRI 1) 2 L ) R G L T AL
fil it 51817 B T

ASCE S RHE G TR AL DT S I B A
178008, BEFCIUFIIECR, I MAAERA L.
BT UL R, P H LR A = 2T N
REPN T REEAREARJFH G N W), JHdE

Hie L R G AL B AT 1% 0 DR SR IR L 23 B e 2 T 3
SHPPREA L. ®a, SN FRABREZ)E
Z LA FE AL T M AE B FOME R, 42t IR B iR
WA BR T Z B RER . LR M5 <55 T
SRR AR RBIE TEHEAR, SETH R REAAR SO BLXT 22 EH A
B EPERIBE T BRTF RIS 57 4 A Semgs P (R e A
JTEIRTY A, i RAE SR 0 A it R X e ot 2
Exap iy

1 WIHMETEAB ARG TMHE-

AAZ Gy BRUR T A PR R I H L R G (g AT AR
A R AR 3 AN TH R S o A 3R R
FEHE AR B B SRRSANA  AR  & RR
WA G RS R AL . L RGEE -~
SR RS, WE 1 Fon. Hed, SFRCH
W R G 2 2 2 AW A 04 o) 7 b i) = = Bk AR mT
SEAT/ I

D ZEAHEEEENRE. 5%, 24R%
PRI ITIRSZ AR, H AR IF &R R 1
SO R ENAARA, AT T A I P A AN E
FR, miH Hoh = 58 G AT RN R 25 A
TrEME LR R AN AN s
Ja, KPUF=IH# T35 58 5 AT NI 2 2 F8 g e
TPk T SR ANE 8 I o 2 FEANAA s M 1) R Bl I B
FIHABRGSERS EE, HZER. A
PREEE VN N R A RINSE - R I R
T R AERTZ AL RN, SRR — 3% 5 e f Ao
T ) A0 e R U P A B SRR, =R T
s FkAT | 325 S R

2) Z A FAAE LR E . 2R B A
GV e BB AR 3 4 72 W 8 T 9 58 5 3
W R OB R TR oK, TR T 2k F 4k 24
BIEE. 24120, ZEAFHEESEREL
AU A A b, AR 59(2) b 52 S
T, PHE IR RY R A 240 A2+
P Hip [ B2 0 DATE 78 43 v B o= T % i v S R AL
TRYFERTTER T, ML r i k.

3) WIS 5 RGREisiT = frie. 7~
HEVE RN FAAE, FTJmE B A B
(1) RE B 3 L R 5 FLAh = Y 2 R T 3958 5 SR s 1
MHRGISERIEARR LS, FETE2RELEX
KIUBE = 2 T2 G RIAT e k%, i
2 G TR T 4 ] 1R s R R 4% S T 3R R



2080 ST £ N =< 1 R B =3

44 %

Bl 1 AR SRRTIANE TR AR RGNS ITIRER

Fig. 1 Optimization of power distribution and consumption system operation in a transactive energy market environment
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Fig. 2 Framework classification for coordination of
market trading strategies of prosumer population in a

transactive energy market environment
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Fig. 4 MG and its application in representative multiple

decision-makers optimization problems in power

distribution and consumption systems
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Fig. 5 Illustration of existing MADRL frameworks
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Table 2 Features of existing MADRL frameworks
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Fig. 6 Envisaged extensions of DRL technologies
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With the increasing proliferation of distributed
energy resources in the distribution network, how to
establish an effective market-based trading mechanism
in the power distribution and consumption system,
while achieving efficient and coordinated optimization
of market trading and power system operation has
attracted unprecedented research interests in China and
beyond. Under the market environment, the operation
and management of each layer of the power distribution
and consumption system (Fig.
the
the increasing scale and volume of

1) face multiple

challenges, including layer-wise increasing
uncertainties,
market transactions, and lack of efficient coordination
of market trading and safe operation of the system.

In order to address these challenges, this paper
firstly outlines the critical scientific problems associated

with optimal operation of power distribution and

consumption systems in a market environment. Second,
it critically reviews and summarizes existing research
efforts this
mathematical-optimization-based

in area, employing conventional,
solution techniques,
and subsequently concludes remaining issues that
deserve further research attention.

Going further, this paper comprehensively reviews
relevant deep reinforcement learning techniques and
outlines their current applications in the examined
research area, considering the primary characteristics
pertaining to market trading and dispatch challenges
associated with distribution and consumption system.

Finally, this paper details three directions which
requires further research efforts, and also dives deep in
revealing how deep reinforcement learning techniques

can be developed and extended to support relevant

research activities.
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